Kenyan tea is made with heat and water: how will climate change influence its yield? by Rigden, Angela et al.
Environmental Research Letters
LETTER • OPEN ACCESS
Kenyan tea is made with heat and water: how will climate change
influence its yield?
To cite this article: A J Rigden et al 2020 Environ. Res. Lett. 15 044003
 
View the article online for updates and enhancements.
This content was downloaded from IP address 27.123.136.212 on 14/03/2020 at 08:28
Environ. Res. Lett. 15 (2020) 044003 https://doi.org/10.1088/1748-9326/ab70be
LETTER
Kenyan tea is made with heat and water: how will climate change
influence its yield?
A JRigden1 , VOngoma2 andPHuybers1
1 HarvardUniversity, Department of Earth and Planetary Sciences, 20Oxford Street, Cambridge,MA02138,United States of America
2 School of Geography, Earth Science and Environment, University of the South Pacific, Private Bag, Laucala Campus, Suva, Fiji
E-mail: AngelaRigden@fas.harvard.edu
Keywords: tea yield, agriculture, climate change, water balance, soilmoisture
Supplementarymaterial for this article is available online
Abstract
Tea is themost consumed beverage in theworld apart fromwater. Climate change is anticipated to
affect the tea industry, but quantified large-scale predictions of how temperature andwater availability
drive tea production is lacking inmany regions. Here, we use satellite-derived observations to
characterize the response of tea yield towater and heat stress from2008 to 2016 across Kenya, the third
largest producer of tea.We find that solar-induced fluorescence captures the interannual variability in
tea yield remarkablywell (Pearson’s correlation coefficient, r=0.93), and that these variations are
largely driven by the daily dynamics of soilmoisture and temperature. Considering rising temperature
in isolation suggests that yields in 2040–2070would decrease by 10% relative to 1990–2020 (ranging
between−15% to−4%across 23models), butmost climatemodels also simulate an increase in soil
moisture over this interval that would offset loss, such that yields decrease by only 5% (ranging
between−12% to+1%). Our results suggest that adaptation strategies to better conserve soilmoisture
would help avert damage, but such changes require advanced planning due to the longevity of a tea
plant, underscoring the importance of better predicting soilmoisture over the coming decades.
1. Introduction
Tea plants are primarily grown in rainfed systems and
are strongly dependent on weather conditions for
optimal growth [1–3]. Kenya has ideal growing condi-
tions for tea in the cool, wet, highlands east andwest of
the Great Rift Valley, and provides 8% of the world’s
tea [4]. Field studies in Kenya have demonstrated that
tea is particularly sensitive to water availability and
extreme temperature [5, 6], with temperature damage
amplified bymoisture deficits [3, 7].
Climate change has the potential to disrupt the tea
industry in Kenya by altering temperature and pre-
cipitation patterns. Global climate models predict that
precipitation will increase in Kenya’s tea growing
zones [8], likely increasing root-zone soil moisture,
but it remains unclear if this increase in water supply
will outweigh the adverse effects of future warming.
Quantifying the response of tea yield to climate change
is of high economic and social value, as tea is Kenya’s
leading export [9], employs approximately 10% of the
country’s population [1], and is largely managed by
smallholders [1, 10].
In this study, we aim to predict the response of
Kenyan tea yield to changes in heat and water stress
associated with climate change. Our analysis frame-
work is divided into three parts: (1) relating tea yield to
remotely-sensed observations of solar-induced fluor-
escence (SIF); (2) resolving the response of SIF to daily
heat and water stress using remotely-sensed observa-
tions of soil moisture and weather-station-based esti-
mates of temperature; and (3) evaluating future yield
responses using simulations from global climate mod-
els. We utilize low-order statistical models such that
free parameters can be well-constrained by available
data. Such an approach complements process-based
modeling approaches that more fully represent the
biophysical controls upon yield outcomes (e.g.,
[11–13]).
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2. Yield fromSIF
Annual tea yield observations (in units hg ha-1) are
from the Food and Agriculture Organization Statisti-
cal Databases at the national level [4]. Yield observa-
tions span from 1961 to 2016, and generally increase
from 1961 until the early 2000s (figure S1(a)–(b)
available online at stacks.iop.org/ERL/15/044003/
mmedia). Tea growing zones are identified using a
0.021 eight-degree crop distribution map for 2015
provided by SERVIR-Eastern and Southern Africa
(SERVIR-ESA) under the Regional Center for Map-
ping of Resources for Development (RCMRD).
Because we ultimately wish to relate tea yield to soil
moisture, we conduct our analysis at the 0.25 degree
resolution and over the 2008–2016 period that soil
moisture and yield data are both available. There are
28 one-quarter-degree resolution grid boxes that
encompass Kenya’s tea growing region (figure 1).
Rather than directly model tea yield as reported by
the Food and Agriculture Organization, we utilize
satellite observations of vegetation activity to spatially
downscale reported national yields and isolate the sea-
son that contributes most to interannual yield varia-
bility. Following previous analyses [14], we relate yield
to vegetation activity via SIF. SIF directly monitors
processes involved in photosynthesis, and themajority
of photosynthesis in tea plants occurs in the leaves [3].
Furthermore, in the case of tea, SIF provides a unique
opportunity to directly monitor the product being
harvested, as opposed to its being an indirect measure
of yield as in fruiting crops. SIF observations are only
related to tea yield, as opposed to tea quality, which
would requiremore nuanced considerations [2, 15].
SIF observations are from the Global OzoneMon-
itoring Experiment-2 (GOME-2) instrument flying on
the Metop-A satellite. We utilize level-2 daily average
estimates of SIF (version 27), which are pixel data, as
opposed to the level 3 gridded data [16]. The daily
averages are approximated from observed SIF assum-
ing a clear sky photosynthetic active radiation proxy at
the observation time and a similar clear-sky photo-
synthetic active radiation weighting for all other
hours. Days that are flagged as poor quality (labeled
‘bad’ in the provided data) are excluded. Daily average
SIF observations, which have a footprint of 40 km by
40 km (40 km by 80 km before 15 July 2013) [16], are
gridded to 0.25 degree resolution by binning and aver-
aging the observations.
There are two major advantages afforded by SIF
relative to using national yield data alone. First, SIF
allows for examination of subseasonal variability in
growth such that we can better isolate the ‘critical
growing season’ in which vegetation activity con-
tributes most to interannual variability in yield. To
determine the critical growing season of tea using SIF
observations, we temporally average SIF over all sets of
consecutive months, fit a least-squares linear regres-
sion between SIF and yield for all sets of months, and
select the set that minimizes the root mean square
error. Note that we do not specify the number of
months in the critical growing season, allowing the
length of consecutive months to vary between one and
twelve. Using this methodology, we isolate January
throughApril as the critical growing season, consistent
with previous studies [17]. Tea yield corresponds well
with SIF in Kenya’s tea growing regions during the cri-
tical growing season (Pearson’s correlation coefficient,
r=0.93; figure 2(a)), whereas annual average SIF is a
weaker predictor of yield (r=0.56; figure S2).
Although tea is an evergreen perennial, the critical
growing season encompasses a regular dry season
(figures 1(e)–(f)) when tea is hydrologically vulnerable
[17], with the start of the first rainy season occurring in
April.
The good initial match between spatially-averaged
SIF and national-level yields suggests that a more
detailed spatial analysis is warranted. The second
major advantage of SIF is that it allows us to character-
ize subnational levels of tea productivity as a function
of soil moisture and temperature, increasing our sam-
ple size from 9 (years) to 237 (years and grid boxes).
We assume that yield is correlated with SIF averaged
over the critical growing season in each of these grid
boxes. This local assumption is supported by the fact
that seasonal variability in soil moisture and temper-
ature variability is similar across each grid box within
the domain (figures 1(e)–(f)). Evaluation at the grid-
box level allows us to relate well-resolved observations
of soil moisture and temperature to a regional indica-
tion of yield.
Although the spatially-resolved analysis permitted
by SIF increases the combinations of years and grid
boxes to 237, the actual degrees of freedom increase
more slowly than data points because of spatial covar-
iance and because some boxes are composed of small
percentages of tea. According to a 2015 crop distribu-
tionmap (figure 1(a)), the 28 grid boxes that we exam-
ine are composed of between <1% to 73% tea crop.
We perform two additional analyses to evaluate the
degree to which our results are sensitive to the inclu-
sion of boxes with low tea coverage. First, we average
across only those grid boxes containing over 10% tea
area, reducing the number of grid boxes from 28 to 17,
and fit a least-squares linear regression. Secondly, we
fit a least-squares linear regression to all 28 grid boxes
but weight each grid box by the corresponding
percentage tea area. In both of these analyses, we find
that thesemethods of accounting for crop distribution
reduce the correlation with nationally reported tea
yield (table S1), possibly because of large interannual
variability in tea harvest area (figure S3). On account of
uncertainty in the representivity of the 2015 crop dis-
tribution for other years, all 28 grid boxes are con-
sidered equally.
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Figure 1.Tea growing areas and environmental variables across Kenya. The spatial distribution of (a) tea cultivation and annual
average (b) SIF, (c)maximumdaily temperature, and (d) soilmoisture at 0.25-degree resolution, with tea growing regions outlined in
black. There are 30 grid boxes growing tea, though no soilmoisture observations are available in two of the thirty (as shown in gray in
(d)), resulting in a total of 28 tea grid boxes for the analysis. The climatological seasonal cycles of (e)maximumdaily temperature and
(f) root-zone soilmoisture are shown for each of the 28 tea grid boxes (light colors) and averaged across the 28 tea grid boxes (dark
colors). To estimate a climatological seasonal cycle for each variable, we smooth the daily observations from 2008 to 2016 using a 30-
daymovingwindow and then average across years. The ‘critical growing season’ (January throughApril) is shaded in light gray.
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3. Yield variations in response to soil
moisture and temperature
Consistent with the dry season being critical for tea
yield [7, 17], we develop a model of how variations in
water status influence yield outcomes, as monitored
by SIF. Yield variability is represented as a function of
root-zone soil moisture and maximum daily temper-
ature because they are the primary determinants of tea
plant water status, with soil moisture representing the
supply of water available to the roots and maximum
daily temperature representing the demand of moist-
ure exerted on transpiration by the atmosphere.
Daily near-surface soil moisture observations (in
units cm3 cm−3) are from the European Space Agen-
cy’s Climate Change Initiative (ESA-CCI) soil moist-
ure project version 4.2 [18–20], and are provided at a
0.25 degree spatial resolution. This data product com-
bines various single-sensor active and passive micro-
wave remotely-sensed soil moisture products. Root-
zone soil moisture is estimated by applying a recursive
exponential filter to the near-surface soil moisture
observations [21, 22], as described in the supplemen-
tary information. While soil moisture observations
exist prior to 2008, they are temporally too sparse to
permit for evaluating how weather variations influ-
ence yield (figure S1(d)). Note that we exclude 2007,
which has substantially more data than previous years,
because only five grid boxes have over 60% of days
available during the critical growing season.
Maximum daily temperature is selected to repre-
sent atmospheric demand, rather than the commonly
used vapor pressure deficit, because temperature is
more widely measured in this region and is highly
correlated with vapor pressure deficit. Daily max-
imum temperature estimates based on weather station
observations are from the National Oceanic and
Atmospheric Administration’s Climate Prediction
Center [23]. These data are provided at a 0.5 degree
spatial resolution, and are regridded to match the 0.25
degrees soilmoisture data. For consistency when com-
paring models, we exclude temperature data on days
when soilmoisture ismissing.
Studies have often used seasonal averages when
relating weather and yield outcomes (e.g. [7, 17]), but
at seasonal timescales temperature and root-zone soil
moisture are strongly anticorrelated (r=−0.74 from
2008 to 2016; figure 2(b) and figure S1(c)). Tight cou-
pling between temperature and moisture at seasonal
timescalesmakes it difficult to statistically determine if
yield damages in warm, dry years are due to high tem-
peratures, which are expected to increase with climate
change in this region, or water limitations, which are
expected to decrease with climate change in this
region. Soil moisture and temperature are less physi-
cally coupled at the daily timescale (r=−0.28;
figure 2(c)), however, because root-zone soil moisture
integrates water fluxes from days to months and, thus,
is often in disequilibrium with the overlying atmos-
phere. We, therefore, construct a statistical model of
yield variability that resolves daily soil moisture and
maximum temperature observations.
First, we consider a 1D model of the influence of
temperature on SIF wherein daily effects are cumula-
tive over time during the January through April per-
iod, and thus additively substitutable over a given
season [24].Wemodel the seasonal average SIF, rather
than daily SIF, in order to help suppress noise in daily
Figure 2.Observations of yield, SIF,maximum temperature, and soilmoisture at varying time scales. Time series of (a) tea yields and
SIF, and (b) soilmoisture andmaximum temperature, and (c) the daily distribution of soilmoisture and temperature across the tea
regions inKenya. In subplots (a) and (b) yields are reported at the annual time scale, and SIF, soilmoisture, and temperature are
averaged from January throughApril.
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SIF observations [16],
( ) ( )å b r= ´ +
=
T SSIF . 1g
T
n
T g
1
SIF in grid box g is modeled as sensitivity, βT, in units
of mWm−2nm−1 sr−1 day−1, times exposures, ρ, in
units of number of days associated with a given
temperature, summed over n different bins that
temperature is resolved into. Also included is a grid-
box level fixed effect, Sg, that represents mean-state
variations independent of temperature and soil moist-
ure. To account for the fact that soil moisture and
temperature observations are not necessarily available
every day, the value of ρh ismultiplied byNo/Ng, where
No is the total number of days between January
through April and Ng is the total number of days in
which SIF is observed in grid box g. T indexes intervals
of temperatures that are bounded by the 2.5% and
97.5% quantiles of temperature on all days between
January through April, which are 21 °C and 32 °C,
respectively. βT and Sg are estimated using a linear
mixed effects model without a global intercept. An
analogous equation is written for soil moisture with
the 2.5% and 97.5% quantiles equal to 0.10 cm3 cm−3
and 0.33 cm3 cm−3, respectively. The 1D fits for
temperature and soil moisture are shown in figure S4.
In order to account for interactions between
moisture supply and temperature, a 2D version of
equation (1) is postulated [25],
( ) ( ) ( )å å b r= ´ +
= =
T T SSIF , SM , SM 2g
T
n n
g
1SM 1
Values of T and soil moisture (SM) are resolved at the
same spacing as for equation (1). Results from
equation (2) indicate that soil moisture and temper-
ature interact in determining tea productivity, with
yields remaining high regardless of temperature when
sufficient soilmoisture is present (figure 3(a)).
Codependencies of SIF on temperature andmoist-
ure are consistent with plant physiology, in general
[26], and tea plants, in particular [27, 28]. In tea plants
the foliar relative water content and water potential
decline when moisture in the soil is limiting, decreas-
ing the photosynthetic rate via stomatal closure [5, 27].
Leaf temperature, which is typically 2 °C–12 °C higher
than air temperature [3], also directly influences the
photosynthetic rate of tea, shoot growth, and the rate
of shoot initiation [2], with adverse effects at high
temperature. When soil water is not limiting, tran-
spiration can reduce leaf temperature via latent cool-
ing, as demonstrated by the sustained productivity
when both temperature and soil moisture are high.
Field studies have, in fact, demonstrated a strong lin-
ear relationship between transpiration and tea yield
[29]. Detrimental effects of waterlogging, which are
strongly exhibited bymaize [25], are not evident in this
region from 2008 to 2016, likely because tea plants
require deep, well-drained soils [2] and, as a perennial,
are more efficient at transporting excess moisture via
leaves and roots.
Modeled estimates of SIF using the 2D response
function are well correlated with observations at the
grid-box scale when averaged over the critical growing
season (r=0.77; figure S5a). For each year, the spatial
correlation varies from 0.62 in 2015 to 0.83 in 2013
with a median of 0.75 across all nine years (figure S6).
Averaging across space gives a higher correlation
between model results and SIF (r=0.96, figure S5b).
In constructing the average, missing grid-box data is
infilled with the mean across all other years in order
not to introduce spurious correlations associated with
missing data. Though there are 28 grid boxes in total,
there is at least one grid box missing for each year due
to a lack of sufficient soil moisture observations, with
Figure 3.Modeling Kenyan tea outcomes as a function of soil
moisture andmaximum temperature. (a)Using observations,
we infer the daily response of yield, for whichwe use SIF as a
proxy, tomaximumdaily temperature and root-zone soil
moisture. Each square represents an estimate of daily-yield
sensitivity (i.e.,β coefficients). Allfit coefficients significantly
differ from zero (p<0.05). The size of the square represents
the relative number of days within each bin (seefigure 2(c) for
a complete 2Dhistogramof the data). A polynomial surface
fit to daily SIF sensitivities is plotted behind the squares. Each
orange arrow represents the predicted change in root-zone
soilmoisture andmaximum temperature fromoneCMIP5
model simulation from current (1990–2020) to future
climates (2040–2070; see table S3 for a list of the 23CMIP5
models). For reference, the average of the observations
(2008–2016) is plottedwith an open circle. (b)Observed yield
is predicted directly from SIF observations (r=0.93;
RMSE=506 hg/ha) and from soilmoisture and temperature
observations (r=0.99; RMSE=362 hg/ha).
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2008 missing three, 2009 missing two, and 2012 miss-
ing four. Furthermore, the linear relationship between
observed SIF and yield allows for annual national
yields to be predicted from our soil-moisture and
temperature model, capturing nearly all possible
variability (r=0.99,figure 3(b)).
When compared to other statisticalmodels for this
nine-year interval, the soil moisture and temperature
yield model predicts yield outcomes better than fitting
a linear regression to either seasonally averaged temp-
erature or soil moisture alone (figure S7), or using
either daily soil moisture or temperature observations
to predict yields (table S2). Using only soil moisture or
only temperature, the correlation declines from 0.99
to 0.92 and 0.90, respectively, and the RMSE increases
from 362 hg ha-1 to 623 hg ha-1 and 744 hg ha-1,
respectively, highlighting the importance of including
interactions between moisture supply and demand in
the yield model framework (figure S8). Without mod-
eling interactions, the response of SIF to each variable
alone (figure S4) would suggest that warmer or drier
conditions invariably lead to reduced yield. In fact,
increases in temperature can be beneficial when com-
binedwith sufficient increases in soilmoisture.
4. Future yield anomalies
As a final point of analysis, we use our historical fit to
observations along with climate model simulations to
explore possible future changes in yield. Specifically, a
single simulation from each of 23 global climate
models in the Coupled Model Intercomparison Pro-
ject Phase 5 (CMIP5) for Representative Concentra-
tion Pathway (RCP) 8.5 (table S3) is used to evaluate
changes in root-zone soil moisture and maximum air
temperature between present (1990–2020) and future
(2040–2070) climates. We grid near-surface maxi-
mum air temperature (variable name ‘tasmax’ in
CMIP5) and each layer of soil moisture (variable name
‘mrlsl’ in CMIP5) from all CMIP5 models to a
common one-degree spatial resolution using netCDF
operators (NCO) [30]. In the regridding process, we
use a bilinear algorithm for temperature and an
algorithm that conserves the total amount of water
globally in each soil layer for soilmoisture. To estimate
root-zone soil moisture between 0 to 100 cm, we
weight the layers of soil moisture by the fraction of the
depth each represents.
To simulate daily conditions in future climates, we
shift the daily root-zone soil moisture and maximum
temperature observations by the average predicted
change from current (1990–2020) to future
(2040–2070) climates across Kenya’s tea regions for
each CMIP5 model. We use two methods to estimate
the associated change in yield, both of which give simi-
lar responses. First, we use the daily SIF response infer-
red from equations (1)–(2) directly. Where simulated
data extends beyond the observational range, we
specify the corresponding sensitivity in the edge bin.
In the secondmethod, we extrapolate the SIF response
beyond those conditions observed in 2008–2016 by
fitting functional forms to the inferred daily SIF
responses. Specifically, we fit lines to the temperature
and soilmoisture responses inferred from equation (1)
(figure S4) and a polynomial surface with two degrees
for temperature and two degrees for root-zone soil
moisture to the nine coefficients in equation (2) (back-
ground in figure 3(a)). Results from both methods are
listed in table S3, and those from the latter are reported
in themain text.
The 23 global climate models from CMIP5 show
consistent increases in maximum daily temperature
and more variable, though generally increasing, chan-
ges in root-zone soil moisture from 1990–2020 to
2040–2070 after averaging across Kenya’s tea growing
region (3(a); table S3). Specifically, maximum daily
temperature is predicted to rise by an average of 1.6 °C
across the tea growing region during the critical grow-
ing season, with a range of 0.7 °C to 2.4 °C across
CMIP5models. Soil moisture is predicted to rise by an
average of 0.01 cm3 cm−3, ranging from
−0.016 cm3 cm−3 to 0.045 cm3 cm−3. Predicted chan-
ges in root-zone soil moisture are spatially variable,
with only 15 of the 23 models predicting increases
across all 28 grid boxes, but all 23 models predict
increases in temperature across the 28 grid boxes
(figure S9–S10). The greatest seasonal warming is pre-
dicted to occur during the summer (June–August)
with the average across models being 2 °C (figure S9),
but lower baseline temperatures and higher soilmoist-
ure relative to the critical growing season is anticipated
tominimize damages.
Using our yield model (equation (2)), we estimate
a decline in tea yields in 2040–2070, relative to
1990–2020, that averages 5% across the 23 CMIP5
models, ranging from a loss of 12% to a gain of 1%. If
only dependence on temperature were considered, the
damages inferred from the simulated warming in
CMIP5 would be erroneously inferred at approxi-
mately twice the magnitude (table S3). This difference
in damagemagnitudes relates to the strong correlation
between warmer and drier conditions in historical
interannual variations, such that estimates based
solely on temperature implicitly equate warming with
drying, whereas the CMIP5 simulations indicate that
the yield effects associated with multidecadal trends
towards warming will be partially offset by wetter con-
ditions. These predictions assume that the CMIP5
simulations are capturing changes well from historical
to future climate conditions. Note that these predic-
tions are based upon CMIP5 simulations that may not
accurately predict either present or future climate con-
ditions. There are large differences in the historical
(1990–2020) mean states between climate models
(start of arrows in figure 3(a)). Furthermore, sub-
stantial differences between observed rainfall trends
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and those simulated across CMIP5 models are evident
in EasternAfrica [31].
5. Conclusions
SIF affords a spatially and seasonally resolved indica-
tion of growth that appears linearly related to yield.
Training a model about how soil moisture and
temperature variations influence yield upon these SIF
observations affords greater constraint for model
parameters than would be possible from the available
nine years of nationally-reported yield data alone. That
said, our model does not capture a number of
important processes. Factors such as frost, hailstorms,
and pests, are not included, though losses incurred by
such events can be substantial for tea [2]. The timing of
climatic events, such as the onset and retreat dates of
the seasonal rains, may also play a role in historical and
future tea production [32] and should be investigated
in future studies.
Increases in atmospheric carbon dioxide con-
centration may also affect yield by improving photo-
synthetic rates in tea leaves [33]. This effect of carbon
fertilization has the potential to alter the terrestrial
water balance by increasing water use efficiency [34].
Given the relatively short time series of observational
data, however, these effects would be better explored
in future studies using process-based cropmodels (e.g.
[13]) or free air concentration experiments
(e.g. [33, 35]).
There is only a limited amount of suitable land that
would allow for the adaptation of Kenyan tea produc-
tion to a changing climate by moving farms to higher
elevation [36], but there does appear to be the poten-
tial for adapting to warmer conditions through plant-
ing tea cultivars with higher optimal temperature
thresholds and improved ability to access soilmoisture
through greater rooting depths [3]. Such tea cultivars
maintain a higher relative water content and exhibit
less decline in photosynthesis under water stress [5].
Planting such cultivars, however, involves a long-term
commitment because tea plants require at least three
years of maturation before harvest and have an eco-
nomic lifespan of 50–60 years [3]. Improving predic-
tions of changes in temperature and soil moisture in
the Kenyan highlands, alongwith further research into
the implications for yield outcomes, thus seems war-
ranted prior tomajor investments in planting different
cultivars.
Acknowledgments
We thank Missy Holbrook for helpful comments.
Financial support was provided by The Rockefeller
Foundation Planetary Health Fellows program at
Harvard University (AR), the Harvard University
Center for African Studies (VO), and the Harvard
Global Institute (PH).
DataAvailability
All data used in this study are freely available online.
The data that support the findings of this study are also
available from the corresponding author upon
request.
ORCID iDs
A JRigden https://orcid.org/0000-0003-3876-6602
VOngoma https://orcid.org/0000-0002-
5110-2870
References
[1] Bore J K andNyabundi DW2016 Impact of climate change on
tea and adaptation strategies (Kenya)Report of theWorking
Group onClimate Change of the FAO Intergovernmental Group
onTea (Rome: Food andAgricultureOrganization of the
UnitedNations) pp 45–60 ((http://www.fao.org/3/a-
i5743e.pdf))
[2] Ahmed S, GriffinT, Cash SB,HanW-Y,Matyas C, LongC,
Orians CM, Stepp J R, Robbat A andXueD2018Global
climate change, ecological stress, and tea production Stress
Physiology of Tea in the Face of Climate Change edW-YHan,
X Li andG JAhammed (Singapore, Singapore: Springer)
pp 1–23
[3] DeCostaWA JM,Mohotti A J andWijeratneMA2007
Ecophysiology of teaBraz. J. Plant Physiol. 19 299–332
[4] FAOSTAT2019 Food and agriculture organization of the
UnitedNations Statistical Database ((http://www.fao.org/
faostat))
[5] MaritimTK,Kamunya SM,Mireji P,Mwendia C,Muoki RC,
Cheruiyot EK andWachira FN 2015 Physiological and
biochemical response of tea [camellia sinensis (l.) o. kuntze] to
water-deficit stress J. Hort. Sci. Biotechnol. 90 395–400
[6] Ochieng J, Kirimi L andMathengeM2016 Effects of climate
variability and change on agricultural production: the case of
small scale farmers inKenyaNJAS—Wagen. J. Life Sci. 77 71–8
[7] Cheserek BC, Elbehri A andBore J 2015Analysis of links
between climate variables and tea production in the recent past
inKenyaDonnish J. Res. Environ. Studies 2 5–17
[8] OngomaV,ChenH,GaoC,Nyongesa AMandPolong F 2017
Future changes in climate extremes over Equatorial East Africa
based onCMIP5multimodel ensembleNat.Hazards 90
901–20
[9] SimoesA JG andHidalgoCB2011The economic complexity
observatory: an analytical tool for understanding the dynamics
of economic developmentWorkshops at the Twenty-Fifth AAAI
Conf. on Artificial Intelligence
[10] Owuor PO,KavoiMM,Wachira FN andOgola SO2007
Sustainability of smallholder tea growing inKenya Int. J. Tea
Sci. 6 1–23
[11] MatthewsRB and StephensW1998CUPPA-TEA: a
simulationmodel describing seasonal yield variation and
potential production of tea. 1. Shoot development and
extention Exp. Agric. 34 345–67
[12] MatthewsRB and StephensW1998CUPPA-TEA: a
simulationmodel describing seasonal yield variation and
potential production of tea. 2. Biomas production andwater
useExp. Agric. 34 369–89
[13] WijeratneMA,AnandacoomaraswamyA,
AmarathungaMKS LD, Ratnasiri J, Basnayake BR SB and
KalraN 2007Assessment of impact of climate change on
productivity of tea (Camellia sinensis L.) plantations in Sri
Lanka J. Nat. Sci. Found. Sri Lanka 35 119–26
[14] GuanK, Berry J A, Zhang Y, Joiner J, Guanter L, BadgleyG and
Lobell DB 2015 Improving themonitoring of crop
7
Environ. Res. Lett. 15 (2020) 044003
productivity using spaceborne solar-induced fluorescence
Global Change Biol. 22 716–26
[15] Ahmed S,Orians CM,GriffinT S, Buckley S, UnachukwuU,
StrattonAE, Stepp J R, Robbat A, Cash S andKennelly E J 2014
Effects of water availability and pest pressures on tea (Camellia
sinensis) growth and functional qualityAoBPLANTS 6 176
[16] Joiner J, Guanter L, Lindstrot R, VoigtM,Vasilkov AP,
Middleton EM,HuemmrichK F, Yoshida Y and
Frankenberg C 2013Globalmonitoring of terrestrial
chlorophyllfluorescence frommoderate-spectral-resolution
near-infrared satellitemeasurements:methodology,
simulations, and application toGOME-2Atmos.Meas. Tech. 6
2803–23
[17] OthienoCO, StephensWandCarrMKV1992Yield
variability at the tea research foundation of KenyaAgric. For.
Meteorol. 61 237–52
[18] DorigoW et al 2017 ESACCI soilmoisture for improved Earth
systemunderstanding: state-of-the art and future directions
Remote Sens. Environ. 203 185–215
[19] Liu YY,DorigoWA, Parinussa RM,De JeuRAM,WagnerW,
McCabeMF, Evans J P and vanDijk A I JM2012Trend-
preserving blending of passive and activemicrowave soil
moisture retrievalsRemote Sens. Environ. 123 280–97
[20] Gruber A,DorigoWA,CrowWTandWagnerW2017Triple
collocation-basedmerging of satellite soilmoisture retrievals
IEEETrans. Geosci. Remote Sens. 55 6780–92
[21] Albergel C, RuDiger C, Pellarin T, Calvet J C, FritzN,
Froissard F, SuquiaD, Petitpa A, Piguet B andMartin E 2008
Fromnear-surface to root-zone soilmoisture using an
exponential filter: an assessment of themethod based on in situ
observations andmodel simulationsHydrol. Earth Syst. Sci. 12
1323–37
[22] FordTW,Harris E andQuiring SM2014 Estimating root zone
soilmoisture using near-surface observations fromSMOS
Hydrol. Earth Syst. Sci. 18 139–54
[23] Climate PredictionCenter 2019Global Daily Temperature
(Boulder, CO:NOAA/OAR/ESRL PSD)
[24] SchlenkerWandRobertsM J 2009Nonlinear temperature
effects indicate severe damages toUS crop yields under climate
changeProc. of theNational Academy of Sciences 106 15594–8
[25] RigdenA,MuellerN,HolbrookNM, Pillai N andHuybers PA
precariouswater balance forUSmaize yield?Nature Food
(accepted)
[26] Kramer P J andBoyer J S 1995Water Relations of Plants and
Soils (NewYork: Academic)
[27] QianW,Hu J, ZhangX, Zhao L,Wang Y andDing ZT 2018
Response of tea plants to drought stress In Stress Physiology of
Tea in the Face of Climate Change (Berlin: Springer) pp 63–81
[28] WangY-X, Liu Z-W, LiH,WangW-L, Cui X andZhuang J
2018Understanding response of tea plants to heat stress and
themechanisms of adaptation Stress Physiology of Tea in the
Face of Climate Change (Berlin: Springer) pp 25–37
[29] AnandacoomaraswamyA,DeCostaWA JM,
ShyamalieHWandCampbell G S 2000 Factors controlling
transpiration ofmature field-grown tea and its relationship
with yieldAgric. For.Meteorol. 103 375–86
[30] ZenderC S 2008Analysis of self-describing gridded geoscience
datawith netCDF operators (NCO)Environ.Modelling Softw.
23 1338–42
[31] OngomaV,ChenHandGaoC2019 Evaluation of CMIP5
twentieth century rainfall simulation over the equatorial East
AfricaTheor. Appl. Climatol. 135 893–910
[32] BoehmR,Cash S, Anderson B, Ahmed S, GriffinT, Robbat A,
Stepp J,HanW,HazelM andOriansC 2016Association
between empirically estimatedmonsoon dynamics and other
weather factors and historical tea yields in china: results from a
yield responsemodelClimate 4 20
[33] Li X, Zhang L, AhammedG J, Li Z-X,Wei J-P, ShenC, Yan P,
Zhang L-P andHanW-Y 2017 Stimulation in primary and
secondarymetabolism by elevated carbon dioxide alters green
tea quality inCamellia sinensis L Sci. Rep. 7 7937–7937
[34] Cheng L, Zhang L,Wang YP, Canadell J G, Chiew FHS,
Beringer J, Li L,MirallesDG, Piao S andZhang Y 2017Recent
increases in terrestrial carbon uptake at little cost to thewater
cycleNat. Commun. 8 110
[35] Gail Smith B, StephensW, Burgess P andCarr K 1993 Effects of
light, temperature, irrigation and fertilizer on photosynthetic
rate in tea (Camellia Sinensis)Exp. Agric. 29 291–306
[36] Eitzinger A, Laderach P,Quiroga A, Pantoja A andGordon J
2011 Future climate scenarios for Kenyaʼs tea growing areas
Technical Report (Cali: International Center for Tropical
Agriculture) ((http://www.fao.org/fileadmin/templates/est/
Climate_change/kenya/CIAT_Future-Climate-Scenarios-
for-tea-growing-areas2011.pdf))
8
Environ. Res. Lett. 15 (2020) 044003
